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Abstract: This work describes a new procedure aimed to semi-automatically identify clusters of active
persistent scatterers and preliminarily associate them with different potential types of deformational
processes over wide areas. This procedure consists of three main modules: (i) ADAfinder, aimed
at the detection of Active Deformation Areas (ADA) using Persistent Scatterer Interferometry
(PSI) data; (ii) LOS2HV, focused on the decomposition of Line Of Sight (LOS) displacements from
ascending and descending PSI datasets into vertical and east-west components; iii) ADAclassifier,
that semi-automatically categorizes each ADA into potential deformational processes using the
outputs derived from (i) and (ii), as well as ancillary external information. The proposed procedure
enables infrastructures management authorities to identify, classify, monitor and categorize the most
critical deformations measured by PSI techniques in order to provide the capacity for implementing
prevention and mitigation actions over wide areas against geological threats. Zeri, Campiglia
Marittima–Suvereto and Abbadia San Salvatore (Tuscany, central Italy) are used as case studies for
illustrating the developed methodology. Three PSI datasets derived from the Sentinel-1 constellation
have been used, jointly with the geological map of Italy (scale 1:50,000), the updated Italian landslide
and land subsidence maps (scale 1:25,000), a 25 m grid Digital Elevation Model, and a cadastral
vector map (scale 1:5000). The application to these cases of the proposed workflow demonstrates its
capability to quickly process wide areas in very short times and a high compatibility with Geographical
Information System (GIS) environments for data visualization and representation. The derived
products are of key interest for infrastructures and land management as well as decision-making at a
regional scale.
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1. Introduction
Time-series Interferometric Synthetic Aperture Radar (InSAR) is a powerful technique to accurately
and quantitatively measure ground surface deformations due to a variety of natural and anthropogenic
processes, using a stack of images acquired by satellites orbiting at more than 500 km above the
ground [1]. The extraction of the displacement information from the stack of interferometric SAR data
requires appropriate processing tools to overcome some drawbacks of conventional InSAR, such as
phase delays due to atmospheric artifacts, and reduce errors in displacement estimates [2,3]. Existing
multi-temporal InSAR procedures can be roughly classified into persistent scatterer [4,5] and small
baseline techniques [6–8]. On the one hand, persistent scatterer technique performs a full resolution
analysis on pixels containing dominant stable scatterers to remove atmospheric, topographic and
deformation components. On the other hand, small baseline techniques assume distributed scatterers
within the pixel resolution, hence using multilooking to improve phase estimation and reduce speckle.
Both methods have been successfully used during last decades, providing reliable information on a
set of sparse points within the observed area. These points, named in general as Persistent Scatterers
(PS) must be identified during the processing and correspond to physical targets and pixels that are
characterized by stable backscattering properties with time. These points can be commonly found in
scarcely vegetated areas (bare soil or grassland), uncultivated fields, and urbanized areas; in particular,
they can be easily found on artificial or natural structures such as buildings and cliffs.
Nowadays, large archives of SAR images from different sensors are available, making possible
the identification and long-term monitoring of the deformation of Earth’s surface caused by various
types of geological processes [9–13]. An important advantage of these techniques is their capacity to
process large areas at regional scale [14,15] at low cost compared with ground-based techniques [16].
However, the outputs consist of high volumes of information whose interpretation can be complex
and time-consuming, mostly for users who are not familiar with radar data [17]. The spatio-temporal
coverage offered by Persistent Scatterer Interferometry (PSI) provides a picture of the deformations
affecting a study area at different dates, distinguishing the active PS from the non-active ones by means
of a color code. The subsequent manual grouping of active clusters of PS and their expert interpretation
usually allows identifying and classifying isolated active deformation areas. However, the time and
effort needed to analyze wide areas through all available information are not always cost effective.
Therefore, alternatively, some procedures have been developed to automatically or semi-automatically
identify, from PSI data, active areas [17–19], specific geohazards [19–23], or infrastructure instabilities [12].
The above-mentioned procedures enable identifying and clustering active areas or grouping and classifying
them using PSI data. However, this is a very time consuming and complex task, especially when large
areas and long time series of SAR data are studied, and users are not familiar with PSI data [17]. Then,
the identification and characterization of these deformational processes are of paramount importance to
guarantee their correct management and reduce their impact on vulnerable population and infrastructures,
which entails a high portion of the mentioned costs.
In this work, a procedure for a semi-automatic identification of clusters of active persistent
scatterers and their subsequent pre-screening has been developed. The proposed method consists
of three main modules: (i) ADAfinder, aimed at the detection of Active Deformation Areas (ADA)
using PSI; (ii) LOS2HV, focused on the decomposition of Line Of Sight (LOS) displacements from
ascending and descending PSI datasets into vertical and east-west components; (iii) ADAclassifier,
that semi-automatically categorizes each ADA into potential geological hazards (i.e., landslides,
subsidence, sinkholes, and consolidation processes) using the outputs derived from (i) and (ii), as well
as ancillary information (i.e., inventory maps of different geological hazards, a Digital Elevation
Model—DEM, a geological map, and a vector map of the infrastructures).
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The paper is organized as follows. Section 2 describes the proposed work flow and the tools for
the identification and classification of ADA, the required input data as well as the test areas. The main
results of the application of the methodology to the test areas are shown in Section 3 and discussed in
Section 4. Finally, Section 5 presents the main conclusions.
2. Materials and Methods
2.1. Chain for The Semiautomatic Classification of Active Deformation Areas
In this section, the procedure proposed to identify and classify ADA is presented. Additionally, the
tools that implement the methodology and the required ancillary data are also described. The general
scheme of the procedure is shown in Figure 1, consisting of two modules:
1. Identification of ADA—in this module the PSI data are analyzed to extract the ADA according
to the methodology proposed by Barra et al. [17]. To this aim, the app ADAfinder has been
implemented. The derived product consists of a map of ADA that contains the areas showing
active deformation represented as polygons. This is an intermediate product for the next step.
2. Pre-screening of ADA—this block performs a preliminary classification of the ADA previously
identified using auxiliary information. This process is carried out by means of the applications
LOS2HV and ADAclassifier. The output of this step consists of a set of maps containing
information about the potential geohazards underlying each ADA.
It should be pointed out that the applications ADAfinder, LOS2HV and ADAclassifier have been
developed in C++ for efficiency reasons, and both a command line and a Graphical User Interface
(GUI) versions of such tools are offered to the user. The GUI simplifies noticeably the operational
procedure; the command line version may be used to integrate this tool into a batch production line,
if necessary. It is worth mentioning that these apps are available on request.
A more detailed description of the software of applications ADAfinder and ADAclassifier can
be consulted in [24,25], but a summary is included in next subsections for the sake of completeness.
Finally, within this section, the proposed operational scheme is comprehensively defined.
Remote Sens. 2019, 11, x FOR PEER REVIEW 3 of 23 
 
results of the application of the methodology to the test areas are shown in Section 3 and discussed 
in Section 4. Finally, section 5 presents the main conclusions.  
2. Materials and Methods  
2.1. Chain for The Semiautomatic Classification of Active Deformation Areas 
In th s section, he procedure proposed to identify d classify ADA is presented. Additio ally, 
the tools that implement the methodology and the required ancillary data are also described. The 
general scheme of the procedure is shown in Figure 1, consisting of two modules:  
1. Identification of ADA—in this module the PSI data are analyzed to extract the ADA according 
to the methodology proposed by Barra et al. [17]. To this aim, the app ADAfinder has been 
implemented. The derived product consists of a map of ADA that contains the areas showing 
active deformation represented as polygons. This is an intermediate product for the next step. 
2. Pre-screening of ADA—this block performs a preliminary classification of the ADA previously 
identified using auxiliary information. This process is carried out by means of the applications 
LOS2HV and ADAclassifier. The output of this step consists of a set of maps containing 
information about the potential geohazards underlying each ADA. 
It should be pointed out that the applications ADAfinder, LOS2 V and ADAclassifier have been 
developed in C++ for efficiency reasons, and both a co and line and a Graphical User Interface 
(GUI) versions of such tools are offered to the user. The GUI si plifies noticeably the operational 
procedure; the co and line version ay be used to integrate this tool into a batch production line, 
if necessary. It is orth entioning that these apps are available on request. 
A ore detailed description of the soft are of applications ADAfinder and ADAclassifier can 
be consulted in [24,25], but a su ary is included in next subsections for the sake of co pleteness. 
Finally, within this section, the proposed operational scheme is comprehensively defined. 
 
 
Figure 1. General flow chart of the proposed methodology. 
2.1.1. Identification of Active Deformation Areas (ADAfinder) 
The role of ADAfinder, the first tool in the toolset, is twofold: to identify the areas where 
deformation processes – no matter their kind – are taking place, and provide the level of reliability of 
Figure 1. General flo chart of the proposed ethodology.
Remote Sens. 2019, 11, 1675 4 of 22
2.1.1. Identification of Active Deformation Areas (ADAfinder)
The role of ADAfinder, the first tool in the toolset, is twofold: to identify the areas where
deformation processes—no matter their kind—are taking place, and provide the level of reliability
of each identified ADA, based on a noise evaluation of the PS deformation data within each ADA.
The tool requires a single ESRI shapefile as input, which must contain the PSs to be processed, including
both the (projected) coordinates and deformation time series for each PS for allowing ADAfinder to
work properly.
The user has to define seven parameters (Figure 2):
i. The isolation distance that defines the radius of isolation around a PS. This parameter is set to
perform a PS filtering aimed at reducing the general noise of the PS deformation map. PSs with
no neighbors within such radius are considered isolated and thus removed. It is recommended
to adopt twice the resolution of the SAR images dataset for this parameter. Therefore, a distance
of 40 m has been adopted in our test sites. This isolation distance is also used to detect outlier PS.
ii. The minimum number of active PS within the isolation distance. When within the isolation
distance there are fewer active points than the number specified (“Minimum size of non-isolated
clusters”), the PS being checked is considered outlier and removed. This condition is applied to
clean sparse measurements and points with strong discrepancy with respect their neighbors,
i.e., isolated active PS (outliers).
iii. The multiplication factor of the standard deviation (σ) of velocities. The definition of the
velocity threshold to consider a PS as active or non-active is based on the standard deviation
(σ) of the PS velocities of the deformation map that includes all PS [5]. σ can be considered
as an indicator of the general sensitivity of the map to measure movements, since it provides
information about its noise level [17]. Depending on the case, the user can choose a different
multiplication factor to be applied to σ for the velocity threshold definition. Commonly, values
comprised between 1·σ and 2·σ are adopted as stability threshold. In the test sites shown in
this work, a value of 1.5·σ has been adopted.
iv. Velocity threshold to consider an ADA as belonging to class 1 or 2 has to be defined by the
user. In this work, an ADA belongs to class 1 if the absolute value of the maximum velocity is
higher than the defined velocity threshold or 2 if the velocity is comprised between 1.5·σ and
the velocity threshold.
v. The radius of influence to consider the active PSs as belonging to the same cluster (i.e., those
PSs which are within the “Clustering radius” are considered as members of an ADA). In the
test areas a value of 26 m, i.e., 1.3 times the lower resolution of the used SAR data (20 m for the
Interferometric Wide swath mode acquisition of Sentinel-1), has been adopted.
vi. The “Minimum ADA size” is the minimum number of active contiguous PS to be an ADA.
A minimum number of three non-aligned points is required since they are used to calculate the
slope of the ground surface by means of the best-fit plane by ADA classifier. In the three cases
analyzed in this work a value of 5 has been adopted.
vii. The number of “values to compute the mean of the deformation” states the number of the last n
values of each time series that are used to compute the average accumulated deformation. The aim
of this average is to minimize the influence of potential noise associated with each single value.
This number is usually set to 4 or slightly higher. In this work, a value of 4 has been considered.
The output consists of two ESRI shapefiles. The first one defines the boundaries of the ADA,
while the second one contains the PS (a) making the ADA and, (b) optionally, all the other PSs that,
although not being part of the detected ADA, have passed all the filters set by the algorithm. One of the
attributes defining the output ADA is the quality index (QI) [17], which states the degree of reliability
of each detected ADA as a variable taking only four possible values going from “not reliable” (Class
4) in the worst case up to “highly reliable” (Class 1) in the best one. The QI assesses the quality of
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the deformation measurements within each ADA, evaluating both the noise of each active point time
series and the spatial uniformity of the estimated deformations in time.
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2.1.2. Decomposition of LOS Displacements into Horizontal and Vertical (LOS2HV)
One of the inputs required by the ADAclassifier tool (see Section 2.1.3. below) to classify the ADA
extracted by the ADAfinder are the horizontal east-west components of the movement undergone
by the PSs. The LOS2HV tool is able to automatically decompose the LOS velocity into horizontal
and vertical components. This application takes two datasets as input (ascending and descending)
measuring displacements along the LOS, and the geometry of the SAR acquisitions (i.e., look angles and
LOS azimuths of both datasets), required to perform the decomposition according to the formulation
described in [26]. The outputs are two new files containing the aforementioned horizontal east–west
and vertical components of such movement. All the files intervening in this process are ESRI shapefiles.
At this point, it must be kept in mind that InSAR geometry only allows the calculation of horizontal
displacemen s along E–W [26,27] and, thus, those ADA presenting N–S displacements will be neither
identified nor classified. Unfortunately, this is an inherent drawback of InSAR geome ry.
LOS2HV computes t e componen s for the area including the terrain covered by both th ascending
and descendi g datasets. Such a area is thus tessellated (Figure 3)—the size of the grid is decided by the
user (Gr d spacing)—, and then the horizontal (VE−W) and vertical (VV) components re computed for
only thos tesserae in which there exist PS from both th ascending (Va) and descending (Vd) datase s.
In the test sites analysed in this paper, a grid size equal to 80 m, which rrespo ds to four ti s the PS
size, has be n used. For each cell, the displacement rates are then averaged, and their horizontal and
vertical components ar computed acc rding to the following expressions, as described in [26]:
VE−W =
[
Vd
cos(αd)
− Vacos(αa)
]
[
cos(pi/2−αd)·cos(3pi/2−θd)
cos(αd)
− cos(pi/2−αa)·cos(3pi/2−θa)cos(αa)
] (1)
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VV =
[
Vd
cos(pi/2−αd)·cos(3pi/2−θd) −
Va
cos(pi/2−αa)·cos(3pi/2−θa)
]
[
cos(αd)
cos(pi/2−αd)·cos(3pi/2−θd) −
cos(αa)
cos(pi/2−αa)·cos(3pi/2−θa)
] (2)
where αd and αa are the descending and ascending incidence angles, respectively, and θd and θa are
the azimuth of the LOS in radians for descending and ascending orbits, respectively.
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2.1.3. Classification of Active Deformation Areas (ADA Classifier) 
ADAclassifier takes the outputs of ADAfinder and LOS2HV plus some ancillary information as 
the inventory maps of different geological hazards, the DEM, the geological map, and the vector map 
of the urban areas, to detect up to four different kinds of deformation phenomena, namely landslides, 
sinkholes, land subsidence areas, and constructive or consolidation settlements (Table 1). Note that 
many of these ancillary inputs will not exist in many occasions; to make the application more useful, 
ADAclassifier (Figure 4) performs the classification process according to data availability. ADA 
polygons and PS points are mandatory, but some inventories are optional. When they are available, 
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2.1.3. Classification of Active Deformation Areas (ADA Classifier)
ADAclassifier takes the outputs of ADAfinder and LOS2HV plus some ancillary information
as the inventory maps of different geological hazards, the DEM, the geological map, and the vector
map of the urban areas, to detect up to four different kinds of deformation phenomena, namely
landslides, sinkholes, land subsidence areas, and constructive or consolidation settlements (Table 1).
Note that many of these ancillary inputs will not exist in many occasions; to make the application
more useful, ADAclassifier (Figure 4) performs the classification process according to data availability.
ADA polygons and PS points are mandatory, but some inventories are optional. When they are
available, these inventories are used to classify the ADA if the intersection between the ADA polygon
and an inventory is over the corresponding defined threshold (Th1, Th4, Th7 and Th10 in Figure 5).
If the inventories are not available, ADAclassifier continues performing the classification process
according to the decision tree shown in Figure 5, identifying the potential risks. A DEM, the horizontal
displacements derived from LOS2HV and the available geological maps, are always used in these
steps. Consequently, the lack of any of them makes the classification process impossible.
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Table 1 depicts the dependencies between the different classification subprocesses and the data
needed to perform them or, if the table is read by rows, it describes the classification subprocesses that
may, or may not, take place when a file is available or not.
Table 1. Data versus available classification subprocesses. x and o indicate if the ancillary data are
compulsory or optional, respectively.
Subprocesses
Landslides Sinkholes Subsidence Settlements
Ancillary Data
DTM x x
InSAR horizontal components x x
Geologic inventory map x x
Landslides inventory map o
Sinkholes inventory map o
Subsidence inventory map o
Infrastructures inventory map o
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required for the pre-classification of the ADA.
It is worth mentioning that threshold values (Thxi) have to be defined by the user for each
decision-making of the classification process. Some thresholds, i.e., Th1, Th4, Th7 and Th10, are related
to the spatial overlap of the ADA and the thematic layers containing the inventories of landslides,
sinkholes, land subsidence, and infrastructures (i.e., urban areas), if any, respectively. Other spatial
thresholds, i.e., Th5 and Th8, check the overlapping of the ADA and the lithological units of the
geological map previously classified by the user as potentially soluble (i.e., saline and carbonate rocks)
or compressible (i.e., unconsolidated sediments). It should be noted that these thresholds have to be
set in accordance to the working scale, the update status of the maps, and the InSAR data resolution
to consider potential georeferencing and spatial accuracy errors derived from the delineation of the
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inventory maps and the InSAR processing. Therefore, when the percentage result of measuring the
intersection between the PS set included within the contour of an ADA and the polygons in the
inventory is equal to or exceeds the corresponding threshold, it is assumed that the ADA is actually
over the mapped feature. A value of 10% has been used in this work according to the characteristics of
the used inventory maps.
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Figure 5. Decision tree for the automatic pre-screening of ADA. Note that different threshold values
(Thxi) have to be defined by the user for assisting the classification process.
Th3 and Th6 define the limiting value to consider an ADA as stable or active according to their
horizontal displacements. This value strongly depends on the characteristics of the processing, being
advisable to adopt a value similar to that considered in ADAfinder, which varies from 1·σ to 2·σ (an
absolute value of 5 mm/year has been considered in this work, that corresponds to extremely slow
landslides [28]).
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Th2 and Th9 limit the maximum slope in which certain processes can develop or not (i.e., landslides
and land subsidence). In the test sites analyzed in this work it was assumed that landslides can develop
on slopes higher than 5◦ [29,30], whereas, on the other hand, land subsidence occurs on flat areas with
lower slopes.
The threshold Th11 provides an evaluation of the goodness of fit of a negative exponential function
to the ADA average time series for consolidation settlement processes, recommending a minimum
value of 0.9.
The output of ADAclassifier is an extended version of the input ESRI shapefile. The attribute
table for each shapefile includes four extra fields. Each of these is a variable taking one of four possible
values stating the certainty level of the assessment for one of the four deformation processes that may
be tested. The possible values are “it is an X”, “it could be an X”, “it is not an X” and “not checked”,
where “X” stands for the name of any of the four processes checked, as for instance, “landslide”.
The “not checked” value is necessary because of the optionality of most of the input ancillary files,
which prevents checking some of the deformation phenomena when one or more of these input
files are not available. Additionally, some additional fields are provided by ADAclassifier for each
ADA: the percentages of overlapping between the ADA and the different inventory maps, the slope,
the mean horizontal velocity and the correlation coefficient of the negative exponential fitted for
checking potential consolidation settlements.
Finally, yet importantly, all the detection algorithms are applied to the ADA. This means that,
although incongruous, positive results for one or more of the deformation processes are possible;
that is, an ADA may be classified, for instance, as a landslide and a sinkhole, simultaneously. Therefore,
this methodology has to be considered as a semi-automatic pre-classification or pre-screening process
of InSAR data for wide areas and, thus, further expert analysis is required to confirm the deformation
process underlying each ADA.
2.1.4. Proposed Operational Scheme
In this subsection the general workflow proposed in this paper to semi-automatically identify and
classify ADA, according to the underlying process, from PSI datasets based on the use of the above
described tools is detailed (Figure 2). At least one PS dataset (ascending or descending) is required to
use this workflow. However, the potential of the method increases when ascending and descending
datasets are available since then it is possible decomposing LOS displacements into vertical and
horizontal components using the LOS2HV app described in Section 2.1.2. In the following paragraphs
the proposed methodology is described in detail:
Step1. Firstly, available ascending and/or descending PS dataset/s of the area of interest is/are
uploaded and the input files for each dataset are configured. These files are mandatory for the ADAfinder
since they contain information about the structure of the attribute table of the input PS shapefile datasets.
Secondly, the different parameters, described in Section 2.1.1., are defined by the user and the app can
be executed. This process is performed independently for both the ascending and descending datasets
(Figure 6A). The results consist of two shapefiles containing the polygons that define all ADA and the PS
included by each of them, jointly with their attributes (e.g., the QI of each ADA).
Step 2. When ascending and descending datasets are available, in parallel to the previous
processing block, LOS displacements for each dataset are decomposed into vertical and E-W horizontal
directions using the LOS2HV app (Figure 6B) described in Section 2.1.2. To carry out this task,
previously, ascending and descending datasets have to be initially filtered in order to ensure the match
between the dates of the ascending and descending datasets for the common time period of both time
series. Besides, the geometry of the satellite for both acquisitions must be defined. The outputs of this
software consist of four shapefiles: two containing the point’s horizontal and vertical components
of displacement, and two shapefiles containing the tessellation in which horizontal and vertical
components of displacement have been computed.
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Step 3. Once the ADA have been identified and horizontal displacements have been computed,
the next step consists in the classification of the detected ADA, using the app ADAclassifier (Figure 6C).
To this aim, ancillary data described in Section 2.1.3. are required as well as the horizontal displacements
derived from LOS2HV. The different thresholds Thxi described above have also to be defined by
the user. The outputs consist of two shapefiles containing the classification of the ascending and
descending ADA identified in Step 1.Remote Sens. 2019, 11, x FOR PEER REVIEW 10 of 23 
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2.2. Test Areas
Ov r 100,000 landslides are mapped in the Tuscany Region (central Italy), a arge part of them
are con dered as active [31]. Subsidence phenomen are important as well, affecting urban areas
along coastal deltas and in agricultural areas where water over xploitation is common [32]. In this
paper, three case studies are presented, which are selected from different municipalities affected by
landslides or subsidence phenomena (Figure 7). In particular, the municipalities of Zeri (Patigno
and Coloretta hamlets) and Abbadia San Salvatore, areas located in the Northern Apennines, are
two valuable examples of territories widely affected by active slope processes. On the other hand,
the Campiglia Marittima and the nearby Suvereto municipalities have been selected for the presence of
widespread subsidence phenomena.
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Abbadia San Salvatore.
More in detail, Patigno is located along a south-east expose slope affecte by an active co plex
landslide involving the entire hamlet. The decennial otio of t e la sli e seri sl a a e t e
road network and a large part of the buildings of the hamlet [33,34]. Coloretta, located a few kilometres
southw stern than Patigno, is affected by several landslides with ifferent magnitudes of moti n
that caused various d mage levels on buildings and infrastructures [34]. Campiglia Marittima and
Suvereto are placed along the Cornia river vall y and are characterized by intensive agr cultu e thanks
to the presenc of highly productive aq ifers. Thus, land subsidence phenomenon is caused by water
withdr wal that triggers long-term consolidation f uncons lidated loamy and silty sediments [35].
Th surroundings of the fluvial valley are c aracterized by widespre d slope processes along the gentl
valley flanks. Abbadia San Salvatore is located long the eastern flank of the Monte Amia a, an extinct
volcanic system. Because of its geol gical and g omorphological setting, the mu icipality is affected by
several active landslides [36], especially in its most rec ntly urbanized portion. Landslides caus d high
economic losses in the last 30 years, in one case leading to the evacuation of some private buildings.
2.3. Input Datasets
2.3.1. InSAR Data
The processed InSAR Sentinel-1 data derive from the agreement “Monitoring ground deformation
in the Tuscany Region with satellite radar data” concluded with the Regional Government of Tuscany,
Italian Civil Protection Department, and the LaMMA (Environmental Modelling and Monitoring
Laboratory for Sustainable Development) consortium.
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Sentinel-1 is a constellation composed of two twin satellites acquiring images at C-band (central
frequency 5.4 GHz and wavelength 5.6 cm) which grants a 6-days revisiting time. Thanks to their
geographical position, the three test areas are covered by four different satellite tracks, two in ascending
orbit (15 and 117) and two in descending orbit (95 and 168). Table 2 shows the characteristics of
the Sentinel-1 images used. The temporal baselines of the selected interferograms for ascending
and descending orbits vary from 6 to 1020 days and from 6 to 1032 days, respectively. Additionally,
the spatial baselines vary from 13 to 180 m and from 7 to 126 m for ascending and descending
orbits, respectively.
Table 2. Details of the Sentinel-1 images exploited for measuring ground deformation in the three
test areas.
Municipality Orbit TrackNumber
N◦ of
Images Time Period
Look
Angle (◦)
Azimuth
Angle (◦)
Abbadia
San
Salvatore
Ascending 117 141 12 December 201418 August 2018 36.34 12.14
Descending 95 134 12 October 201417 June 2018 40.44 8.05
Campiglia
Marittima
and
Suvereto
Ascending 15 128 23 March 201523 June 2018 39.85 10.69
Descending 168 134 22 March 201522 June 2018 37.23 9.40
Zeri
Ascending 15 128 23 March 201523 June 2018 39.85 10.69
Descending 95 134 12 October 201417 June 2018 40.44 8.05
The tracks have been processed separately by means of the SqueeSAR algorithm, developed
by Ferretti et al. [37]. This interferometric technique relies on the definition of radar stable targets,
being coherent Permanent Scatterers (PS) [4] or partially coherent Distributed Scatterers (DS) [37].
The combination between point-wise (PS) and areal (DS) targets allows to increase considerably the
number of measurement points in peri-urban areas and to guarantee a higher signal to noise ratio in
the derived time series of displacement [37].
Each measurement point is characterized by a velocity value interpolated over the acquisition
time period, a value for the displacement at each acquisition date, and some quality parameters such
as the standard deviation of the velocity or the statistical coherence of the time series with respect to
the linear model. The measures are differential, thus referred to a common reference point assumed
motionless and here selected on the basis of geological considerations, geomorphological ancillary
data, previous interferometric results, and GNSS (Global Navigation Satellite System) data. The latter
are acquired by permanent stations belonging to the European GNSS Permanent Network and to the
Italian GNSS Geodetic Reference System (Rete Dinamica Nazionale). For further information about
the GNSS network, we refer to Del Soldato et al. [38].
The SqueeSAR algorithm can achieve a 2·σ accuracy of 5 mm on the single displacement measures
with a geocoding error lower than a few meters. Thanks to the large number of images acquired over a
three years-time period (more than 100) it is possible to reach a precision of the velocity estimation
close to 1 mm/year [21].
The original processing covers the entire Tuscany Region and performs a continuous monitoring
update of ground deformations as described in Raspini et al. [21]. In this work we focused on three
subareas whose general ascending and descending LOS velocity maps are presented as supplementary
material (Figures S1–S3).
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2.3.2. Ancillary Data
A DEM with a 10 m cell resolution of the Tuscany Region was used for deriving the elevation
of the PS contained in each ADA. The mean slope of each ADA was then automatically calculated
by ADAclassifier fitting a plane to these points for classification purposes. Furthermore, the updated
Italian Landslide Inventory map—IFFI project—of the region of Tuscany [31] and the subsidence
contour map [32] of the Tuscany region were used. The landslide inventory map of the entire Tuscany
region provides a detailed picture of the distribution of landslides in 2007, and it is composed by more
than 100,000 landslides that are classified into typologies and according to their state of activity: active,
dormant, stabilized, and undetermined. It was produced using conventional, e.g., geomorphological
field mapping or stereoscopic aerial photograph interpretation, and innovative techniques, e.g.,
analysis of high-resolution DEM or InSAR data interpretation and analysis. The subsidence areas were
highlighted by the analysis and interpretation of PSI products derived from different satellites (ERS
1/2, ENVISAT and Sentitnel-1) and considering only the contour of vertical velocity (in mm/year) after
the decomposition of the LOS velocity [32].
A geological map is available for consulting and downloading on the Tuscany Region website at
1:10,000 nominal scale. In the three test areas, the geological map was reclassified by experts in order
to state those geological units from which we can expect that land subsidence or sinkhole processes
develop. In this sense, dissolution processes in carbonate rocks were potentially associated with
Jurassic limestones in Abbadia San Salvatore, with Jurassic limestones and Pleistocene travertines in
Campiglia Marittima–Suvereto and with Eocene limestones in Zeri. Saline rocks were not found in the
study areas. Finally, land subsidence potential was attributed to all Holocene detritic alluvial deposits
existing in Campiglia Marittima and Suvereto as well as in Zeri.
The CORINE (Coordination of Information on the Environment) Land Cover is available. It was
updated in 2013 by the Tuscany Region website, by the Web Map Service (WMS), for downloading [39].
It is more precise than the CORINE Land Cover (CLC) of the entire Italian territory which was updated
in 2012. It provides a division into five classes at the first level, and they are hierarchically subdivided
into three levels which are gradually more precise. The CLC second level classes referred to the urban
fabric and to industrial, commercial and transport unit areas were selected to perform the classification
of the consolidation processes.
3. Results
The methodology proposed in this work (Section 2.1.4) has been employed for the semi-automatic
identification and pre-screening of deformational processes, and it was applied in the three case studies
described in Section 2.2. using Sentinel-1 datasets and ancillary data (Section 2.3). The results are
presented in this section.
3.1. Active Deformation Areas
As described in previous sections, the first step of the proposed methodology consists of the
identification of ADA using the app ADAfinder. Table 3 summarizes the results of the ADA recognized
in the three test sites (Figures 5–7).
In Abbadia San Salvatore 10 ADA, 6 from ascending and 4 from descending datasets, covering a
total surface of 0.095 and 0.034 km2, respectively, have been recognized. The size of the ADA varies
from 0.008 to 0.031 and 0.008 to 0.009 km2 and from 6 to 20 and 6 to 9 PS for ascending and descending
datasets, respectively.
Campiglia Marittima and Suvereto test site shows 8 ADA (4 derived from ascending and 4 from
descending tracks) occupying a surface of 0.034 and 0.037 km2 for ascending and descending datasets.
The size of the ADA found varies from 0.006 to 0.015 and 0.005 to 0.024 km2 and from 5 to 15 and 5 to
14 PS in ascending and descending datasets, respectively.
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Finally, 10 ADA (5 from ascending and 5 from descending tracks) are also identified in the test
site of Zeri covering a total surface of 0.369 km2 (0.238 and 0.131 km2 for ascending and descending
orbits, respectively). The size of the ADA found in this test site varies from 0.006 to 0.074 and 0.006 to
0.082 km2 and from 5 to 62 and 5 to 54 PS for ascending and descending tracks, respectively.
Table 3. General statistic of the ADA identification and classification processes of the three test sites.
L: landslides; SK: Sinkhole; LS: Land subsidence; CS: Consolidation settlement; UP: Unknown process.
C: Confirmed; P: Potential.
Municipality Orbit NºADA
Nº PS
(min–max)
ADA Surface
(km2)
(min–max)
Classification of ADA
L SK LS CS
UP
C P C P C P C P
Abbadia San
Salvatore
Asc. 6 68(6–20)
0.095
(0.008–0.031) 6 0 0 0 0 0 0 0 0
Des. 4 28(6–9)
0.034
(0.008–0.009) 4 0 0 0 0 0 0 0 0
Campiglia
Marittima
and Suvereto
Asc. 4 33(5–15)
0.037
(0.006–0.015) 0 0 0 0 3 1 0 0 0
Des. 4 33(5–14)
0.046
(0.005–0.024) 0 0 0 0 3 0 0 0 1
Zeri
Asc. 5 181(5–62)
0.238
(0.006–0.074) 5 0 0 0 0 0 0 0 0
Des. 5 88(5–54)
0.131
(0.006–0.082) 4 0 0 0 0 0 0 0 1
3.2. Horizontal and Vertical Displacements
The east-west and vertical components of displacement of the three test sites have been calculated
using an 80 m grid size by means of the LOS2HV app (Figures S4, S8 and S12). For this calculation,
all PS available in the test sites (total number of PS in Table 4), mainly concentrated over the urban
areas (Figures 8–10), have been considered as potential candidates. Subsequently, the decomposition
of the velocity has been performed only in those cells in which ascending and descending PS are
available: 327, 1594 and 73 cells for the grids for Abbadia San Salvatore, Campiglia Marittima and
Suvereto, Zeri, respectively.
It is worth noting that for the three test areas some PS have not been used to calculate the east-west
and vertical components because the inexistence of coincident PS from both datasets (i.e., ascending
and descending) within the same cell. The number of PS effectively used to decompose the LOS
velocity is equal to 371 (16.4%), 3210 (28.0%) and 102 (17.6%) for Abbadia San Salvatore, Campiglia
Marittima–Suvereto and Zeri, respectively. It means that a considerable volume of information is
lost during the conversion of LOS velocity into vertical and horizontal velocities. The horizontal
displacements derived from LOS2HV are shown in Figures S4, S8 and S12 from Supplementary material
and are used for the subsequent classification of landslides and sinkholes by ADAclassifier.
Remote Sens. 2019, 11, 1675 15 of 22
Remote Sens. 2019, 11, x FOR PEER REVIEW 15 of 23 
 
 
Figure 8. (a) Map of ascending and descending InSAR datasets and classification of ADA of Abbadia 
San Salvatore as landslides. (b) Time series of some PS of the study area. Note that the ancillary 
landslide inventory map used for the classification of the information is also represented in the maps 
and E-W horizontal displacements are shown in Figure S4. The maps showing the classification of 
ADA as land subsidence, consolidation settlements, and sinkholes are displayed in Figures S5 to S7, 
respectively.  
3.3. Classified Active Deformation Areas 
The ADA derived from the analyzed InSAR datasets (section 3.1.) have been automatically 
classified according to the methodology described in 2.1.4 considering the horizontal displacements 
(section 3.2.) and the available ancillary data (i.e., geological, landslides, subsidence and land use 
maps). The results of the three test sites and the time series of some characteristic PS from ascending 
and descending orbits are shown in Figures 8 to 10. For the screening of each study area, the four 
potential deformational processes are evaluated for every ADA. As a result, for each ADA the 
different considered geological–geotechnical processes can be confirmed, considered as potential or 
rejected by the software. Additionally, when the compulsory ancillary information for the pre-
screening process is not available the ADA is not classified. It is worth noting that, for a clearer 
presentation of the results, only the classification of the geological–geotechnical deformational 
processes that predominates in each area are presented in Figures 8 to 10.  
In Abbadia San Salvatore the ten existing ADA found (6 from ascending and 4 from descending 
datasets) have been classified as landslides (Figure 8 and Table 3) since they match the available 
inventory of landslides in percentage higher than 10% (i.e., the threshold Th1 in Figure 5 is equal to 
10%). The maps depicting the classification of the ADA into land subsidence, consolidation 
settlements and sinkholes are shown in figures S5 to S7 from Supplementary materials). 
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lan sl de i ventory map used for the classificati n of the information is also represented in the maps and
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3.3. Classified Active Deformation Areas
The ADA derived from the analyzed InSAR datasets (Section 3.1.) have been automatically
classified according to the m thodology described in 2.1.4 considering th horizontal displ cements
(Section 3.2.) and the available ancillary data (i.e , geological, landslides, subsi ence and land use
maps). The results of the three test sites and the time series of som characteristic PS from asc nding
and desc nding orbi s ar shown in Figures 8–10. F r the screening of each study area, the four
potential deformational pr cesses are evaluated for every ADA. As a result, for each ADA the different
considered geological–geotechnical process s can be confirmed, consid red as potential or rejected by
th software. A diti nally, when the com ulsory ancillary information for th pre-screening process is
not available the ADA is not classified. It is worth noting that, for a clearer presentation of the results,
only the classification of the geological–geotechnical deformational processes that predominates in
each area are presented in Figures 8–10.
In Abbadia San Salvatore the ten existing ADA found (6 from ascending and 4 from descending
datasets) have been classified as landslides (Figure 8 and Table 3) since they match the available
inventory of landslides in percentage higher than 10% (i.e., the threshold Th1 in Figure 5 is equal to
10%). The maps depicting the classification of the ADA into land subsidence, consolidation settlements
and sinkholes are shown in Figures S5–S7 from Supplementary materials).
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Figure 9. (a) Map of ascending and descending InSAR datasets and classification of ADA of Campiglia
Marittima and Suvereto as land subsidence. (b) Time series of some PS of the study area. Note that the
ancillary subsidence inventory and Quaternary unconsolidated maps used for the classification of the
information are also represented in the maps. E-W horizontal displacements are shown in Figure S8.
The maps showing the classification of ADA as landslides, consolidation settlements and sinkholes are
displayed in Figures S9–S11, respectively.
In Campiglia Marittima–Suvereto, eight ADA (four from ascending and four from descending
datasets) were found and classified according to the proposed algorithm (Figure 9 and Table 3). In detail,
the pre-screening performed using ADAclassifier indicates that six ADA (three from ascending and
three for descending datasets) correspond to land subsidence because they match the available land
subsidence map [32]. One additional ADA is classified as potential land subsidence since, although it
is not contained within the land subsidence area, the existence of alluvial detritic sediments from the
Quaternary (Holocene and Pleistocene) and a flat relief (with slopes lower than 5◦) suggests that the
detected displacements are related with land subsidence processes and a landslide phenomenon can
be safely excluded. Finally, one ADA has not been classified as land subsidence si ce it does not match
neither the land subsid nce area nor the g ologic l units of u consolidated sediments. This ADA
does not satisfy any of the conditions stated for landslides, sinkholes, and settlements either, and thus
it is labeled as “no classified”. The maps depicting the classification of the ADA into landslid s,
consolidation settlements and sinkholes are shown in Figures S9–S11 from Supplementary materials).
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In Zeri, the five existing ADA found for the ascending dataset have been classified as landslides
since they match the available landslides inventory of the area in a percentage higher than 10%
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inventory of landslides nor the para eters for consoli ation processes. he aps presenting the
classification of the ADA into land s si e ce, c s li ati settle e ts a sinkholes are shown in
Figures S13–S15 from Supplementary materials).
4. Discussion
In this paper, a procedure has been proposed for the identification and pre-screening of Active
Deformation Areas using InSAR datasets, and it has been tested in three areas in Italy using Sentinel-1
constellation datasets.
The main advantage of this etho is the ossibility of se i-a to atically generating thematic
maps of ADA and their potential underl i ef r ti r cesses f r i e areas based on InSAR
datasets. This infor ation is of rti l r i t r t f r r i i rt f r t e anage ent and the
administration of the ter itory and the infrastr ct res.
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Another remarkable feature of the methodology is its high processing capacity. The performance of
the apps developed for the implementation of the methodology meets the expectations. The equipment
used for processing the three test sites was an Intel Core i7-2670QM at 2.2 GHz, 4 cores, 8 threads,
6 MB cache, 8 GB RAM, 250 GB SSD disk and Windows 10, 64 bits. Table 4 shows the characteristics of
processed datasets and inventories for each step of the proposed methodology, as well as the outputs
of the ADAclassifier. The performance testing of the software showed that the computer needed
around 1 s to identify the ADA (step 1) from up to 11,472 PS (Table 4). Similarly, less than 1 s is
required to decompose LOS displacements into vertical and horizontal ones (step 2) in up to 1594 cells
using 8262 PS (Table 4). Finally, the same time is spent to classify the ADA checking the six available
classification processes (step 3) (Table 4). The manual process for the development of these three
stages may require from around 15 minutes to some hours. This means that the designed processing
chain is more than 300 times faster and eliminates the chance of human errors and requires only a
post-processing expert check.
Table 4. Statistics of the performance load testing of the applications integrated in the proposed
methodology.
Step (Figure 6) Parameter Abbadia Campiglia-Suvereto Zeri
InSAR data Total number of PS 2257 11,472 581
ADAfinder (step 1)
PS Ascending (number of points) 1112 6205 317
PS Descending (number of points) 1145 5267 264
ADA Ascending (number of polygons) 6 4 5
ADA Descending (number of polygons) 4 4 5
Time for ADA finder <1 s <1 s <1 s
LOS2HV
(step 2)
Ascending PS used in LOS2HV (%) 945 (85.0%) 4286 (69.1%) 256 (80.8%)
Descending PS used in LOS2HV (%) 941 (82.2%) 3976 (75.5%) 223 (84.5%)
Total number of PS used in LOS2HV (%) 1886 (83.6%) 8262 (72.0%) 479 (82.4%)
Cells containing ascending PS in LOS2HV 430 2786 112
Cells containing ascending PS in LOS2HV 443 2430 98
Cells containing both, ascending and
descending PS 327 1594 73
Time for LOS2HV <1 s <1 s <1 s
ADAclassifier
(step 3)
nº DEM cells (X,Y) 1092 × 1000 2053 × 1445 146 × 226
Landslide inventory (number of polygons) 195 384 77
Subsidence inventory (number of polygons) 0 1 0
Geology inventory (number of polygons) 4 19 67
Infrastructure inventory (number of polygons) 1 7 2
Classifications done 6 6 6
Time for ADA classifier <1 s <1 s <1 s
The methodology suffers the same inherent limitations of InSAR, i.e., the lack of coherence over
some areas, the limitations of the acquisition geometry, and the measurable displacement range, since
InSAR datasets constitute the main input. Although the use of other SAR sensors and geometries
can partially overcome this drawback, this limitation is sometimes inevitable and could provide a
biased picture of the reality of the areas in which this methodology is applied, hiding important
deformations about which satellites are “blind”. In this sense, it must be emphasized that due to
the nearly north–south orbit direction of SAR satellites, InSAR is only sensitive to the up–down and
east–west directions displacements [27], but not to north-south ones. This fact also could lead to
the wrong pre-screening of ADA in which horizontal displacement rates derived from LOS2HV are
considered (i.e., landslides and sinkholes according to the decision tree shown in Figure 5).
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Another important drawback is the dependence on ancillary information for the classification
of the ADA. This information is sometimes unavailable, incomplete, or not updated, hindering the
pre-screening tasks. In fact, as shown in Table 1, although some ancillary information is optional
(i.e., landslide, sinkhole, land subsidence, and infrastructures inventory maps) most of the ancillary
data have to be provided to the software for the implementation of the methodology. In this sense,
some tests have been performed to evaluate the robustness of the classification process. To this aim,
the test areas of Campiglia Marittima–Suvereto and Zeri have been classified using ADAclassifier
both considering the optional data and without considering them (i.e., the inventory of landslides,
land subsidence and infrastructures; Figure 11).
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Figure 11. Map portraying the classification of ADA of Zeri obtained using (a) the landslide inventory
map and (b) without ancillary information; and that of Campiglia Marittima and Suvereto using (c) the
land subsidence inventory map and (d) without ancillary information.
In the test site of Campiglia Marittima and Suvereto all ADA classified as land subsidence when
considering the land subsidence inventory map were classified as potential land subsidence when the
auxiliary information was not used (Figure 11a). In Zeri, six ADA of ten were duly classified (five as
landslides and one as an unknown process). Three ADA not classified as landslides in spite of being
mapped as lan slides in the inventory map where placed in the urban areas of Coloretta and Patigno
hamlets (Zeri), exhibiting a smooth ground surface with slopes lower than the threshold (Th2) of 5◦
(i.e., between 3.1 and 4.8◦). The remaining ADA presented a slope of 7.2◦ and was not classified as
landslide since its horizontal velocity was 3 mm/year, i.e., lower than the threshold Th3 defined as
5 mm/year. Therefore, the false negatives when classifying these ADA can be considered as rare cases
since below 5◦ there is a very low landslide probability [29,30]. Despite some misinterpretations on the
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pre-screening process, these results confirm the robustness of the procedure defined for the preliminary
classification of the ADA.
Consolidation processes and sinkholes were not detected in the test areas since the conditions
defined in Figure 5 were not satisfied. For consolidation processes, the time series of the ADA placed
over urban areas did not fit negative exponential functions properly as illustrated in Figures 8b, 9b
and 10 b, and thus these processes are rejected. It should be noted that sinkholes and consolidation
potential of the geological units from the geological map have been stated by focusing solely on the
description of the lithologies included in the geological map, as explained in Section 2.3.2. Obviously,
this potential can be discarded, or new geological units can be added when more comprehensive and
detailed geological and geotechnical information is available.
5. Conclusions
This paper presents a new and simple methodology aimed to semi-automatically identify clusters
of active PS and preliminarily relate them to different potential types of geological–geotechnical
deformational processes. This approach consists of three main steps aimed to: (i) identify active
deformation areas using PSI datasets, (ii) decompose ascending and descending LOS PSI data
into vertical and horizontal components, and (iii) pre-screen the ADA into different deformational
geological–geotechnical processes. Three specific apps have been programmed in C++ language to
automatize and optimize the processing chain. The outputs present a high compatibility with GIS
environments for analysis and representation purposes.
The performed analyses show that the methodology is quite robust and provide satisfactory
results for preliminary analysis of active deformational processes over wide areas.
As a final comment, it is worth noting that the proposed methodology is especially suitable for
not InSAR-expert final users and wide areas, allowing to quickly and semi-automatically identify and
pre-screen active deformation areas to identify the potential geological–geotechnical deformational
processes underlying the detected displacements. Then, this methodology should be considered
as a preliminary classification procedure for regional scale analyses. However, for further detailed
and in-depth studies, the classification of each ADA should be confirmed trough expert opinion of
geoscientists or geological engineers and/or in situ data. Furthermore, it is also very important to keep in
mind the inherent limitations of InSAR technique associated with the lack of coherence, the acquisition
geometry and the measurable displacement range, that could lead to an under-identification of active
processes affecting the areas under study.
Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/11/14/1675/s1:
Figures S1–S3. General map of InSAR LOS displacements of the three test cases. Figures S4–S7. Map of E-W
displacements and classification of ADA as land subsidence, consolidation settlements and sinkholes, respectively,
of Abbadia San Salvatore. Figures S8–S11. Map of E-W displacements and classification of ADA as landslides,
consolidation settlements and sinkholes, respectively, of Campiglia Marittima and Suvereto. Figures S12–S15.
Map of E-W displacements and classification of ADA as land subsidence, consolidation settlements and sinkholes,
respectively, of Zeri.
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